Risk taking is described as an integral part of financial services. For micro-financing in particular, engaging in proactive risk taking is essential to their viability and long term sustainability. Maintaining a good strategy that ensures an optimal mix in risk-return trade-off is much more important for the microfinance banks (MFBs) that operate on a for-profit basis. Having faulted the value-at-risk technique which is common in the asset and liability literature, we introduce the multi-stage stochastic programming using econometric time series model. Specifically, for the scenario generation, we specify a VaR model with the inclusion of dichotomy regime which captures the multi-stage characteristics of assets. We use the liability derived investment (LDI) model to generate the liability series over the period of study. The optimization result showed that MFBs in Nigeria are by far more risk averse than they are profit seeking. This comes with the attendant effect of not being able to achieve the outreach and sustainability objectives to the fullest. MFBs in Nigeria need to look into their investment strategy with a view to structuring the mix and value of the balance sheet components at different periods to meet their stated objectives.
risks that they must manage efficiently and effectively for their survival and sustainability (Mangold, 2016) . These risks include: credit risk, interest rate risk, liquidity risk, and operational risk. Borrowers, lenders, donors and savers tend to loose confidence in the organization and funds begin to deplete when risks are poorly managed, and financial losses occur. Therefore, an MFB is not able to meet its social objective of providing financial services to the poor and quickly goes out of business when funds deplete (Ledgerwood, 1999; Dunford, 2000) .
As an interventionist programme aimed at achieving the goals of financial deepening at the grassroots sector of the economy, the activities of MFOs (including MFBs) cannot be overlooked (Microfinance Newsletter, 2009 ). Broadly speaking, MFBs are saddled with responsibilities which can be summarized in two objectives; 1) increasing client outreach in terms of number of customers, loans and deposits 2) sustaining their organization through meager but sustainable profits, effective loan recovery, and loan screening. These two are further classified respectively as social and financial objectives. Achieving the two objectives summarized as the social and financial objectives, involves risk taking, identification, measurement and control. The rewards of good performance and costs of poor performance are rising as MFBs play an increasingly important role in local financial economies and compete for customers and resources (Joachim, 2000) . For any microfinance organization (MFO) or non-bank financial institution (NBFI) it is fundamental to have a properly designed risk management framework. This refers to any operative system designed to protect an organization from the occurrence of undesired events i.e. downside risks and to enable the organization take advantage of opportunities i.e. upside potential (Mack, 2015) . Campion (2000) gave several reasons for MFBs to consider more sophisticated approaches to risk management. First, as a result of serving more customers and larger geographic areas, as well as offering a wider range of financial services and products many MFBs have grown rapidly. Second, MFBs increasingly rely on market-driven sources of funds, whether from outside investors or from local deposits and member savings to fuel their lending growth. They will have to maintain good financial performance and avoid unexpected losses in order to preserve their access to those funding sources. Third, issues of organizational structures and operating environments of MFBs can provide unique challenges to their performance. Due to their mission, they may be very decentralized or too centralized (both can be a risk), tend to be labor-and transaction-intensive, have concentration risk in certain regions or sectors (e.g., agriculture), and often operate in volatile and fragile financial markets. Finally, effective risk measurement, management and control can be achieved through cost-effective and effi-Journal of Financial Risk Management cient operations which is essential to achieving financial viability for MFBs.
Of all the risks faced by a MFB, financial risk has been identified as the most crucial as it relates directly with their core business which is credit administration and deposit taking. It is important that MFBs maximize their return and at the same time keep the downside risk low. The gain/return (upside potential) must increase to a point where further increases will result in a loss. This situation describes the point of optimality which the MFBs must always crave for if they are to remain in business. With regards to managing financial risk, the literature is replete with studies on financial institutions in general. Using case studies of countries with the aid of established financial and economic investor utility and portfolio optimization theories like the von Neuman-Morgensten expected utility maximization, mean-variance approach, portfolio at risk, value-at-risk and expected shortfall, researchers have conducted studies on the asset and liability management activities of financial institutions in general and the corresponding weight and direction of financial risks they carry.
The issue of asset and liability management in the money market i.e. deposit taking financial institutions in general is more dynamic. The components of the portfolio (assets and liabilities) are subjected to changes in terms of structure and amount from time to time and at different stages of transaction. Especially for MFOs (which include Microfinance Banks-MFBs), their balance sheet components are said to be even more dynamic than those of commercial banks (Greuning, Gallardo, & Randhawa, 1998) . A particular MFB may have different results (whose variations are quite significant) for its portfolio at risk, value-at-risk measurement at different periods and stages within a particular time horizon because of the dynamic nature of the components of its balance sheet. A particular combination that is found optimal at a particular period may no more be optimal after a short period. In order to remain viable, optimality must be achieved and sustained over a long time horizon.
More recently, the stochastic programming (SP) technique for measuring and managing risk for financial decisions has become very popular and very effective. Pioneer authors in stochastic programming method for bank asset and liability; Kusy & Ziemba (1986) , argue that a bank must determine its optimal trade-off between risk, return and liquidity as a necessary requirement in the asset-liability management process. SP application cuts across the different areas of businesses in the financial markets like; pension fund, mutual fund, insurance investments, banking and financing institutions in general (Bajram & Can, 2013; Yang, 2009 , Grebeck & Rachev, 2005 . However, its application to microfinance institutions is very rare in the literature.
Talking about risk evaluation for MFBs in Nigeria, some authors have attempted to analyse the nature and dimension using conventional risk evaluation techniques. In the recent past, Ndibe, Igbokwe, Dauda, & Abdulazeez (2013) did a study on microfinance banks in Nigeria using the trend analysis. They concluded that MFBs in Nigeria are downside risk averse at the same time not harnessing the upside opportunities that abound. Their position was guided by an-Journal of Financial Risk Management other study carried out earlier, by Joachim (2009) , which concluded that there is the absence of prudential strategies of balance sheet management of MFBs in Nigeria. But what exactly should we be concerned about in the risk management strategies of deposit money banks example of which is the microfinance banks? or what method should we adopt in assessing their risk management strategies?. Fundamental bank management theory (Greenbaum and Thakor, 1998) defines risk management as a process of risk identification, measuring, monitoring and controlling. It thus follows that any meaningful technique or method for risk evaluation must consider the aforementioned. Therefore, a research in the analysis of the asset and liability management of MFBs will have issues in setting the appropriate objectives as well as employing appropriate methodology. Essentially, it is part of this methodological gap that we intend to fill in this paper. In order to do this, we seek to provide answers to the following questions; is the risk-return trade-off in asset and liability management of MFBs optimal? To what extent do strategies adopted by MFBs favour more of down-side risk reduction or upside potential increase? The rest of this paper is divided into four sections starting from reviews, methodology, results and discussion, concluding comments.
Reviews
As established in the finance and economics literature, asset and liability management (ALM) is important for all institutions in order for them to match their assets with liabilities (Grebeck & Rachev, 2005) . Both asset and liability involves returns that must be earned on one hand, and returns that must be paid on the other hand. Earning and paying these returns however, comes with different dimensions of risk (Grebeck & Rachev 2005; Tokat, Rachev, & Schwartz, 2003) . Therefore at the heart of ALM is the risk-return concept. Firms need to design a clear-cut framework with realistic objectives for meeting their ALM needs.
The position of the modern portfolio theory (i.e. mean-variance, VaR, Es) has been towards identification, measuring and managing the downside risk (i.e. risk of loss). According to the mean-variance approach (Markowitz, 1952 (Markowitz, , 1959 , with its many variants like the standard and unstandard CAPM (Sharpe, 1964; Linter, 1965b) , inter-temporal CAPM (Merton, 1973a) , multifactor pricing model (Ross, 1976) , etc., deviations (positive or negative) around the mean or what is called the expected value is summed up to give the variance and subsequently the standard deviation (SD). In this case, the emphasis is on the mean which is seen as the breakeven point. The calculated variance and standard deviation defines the level of risk the institution is carrying. This position is further refined in the CAPM and APT models where a linear equation is specified and a coefficient of β (beta) is assigned to risk. The argument of the modern portfolio theory is built on the assumption of normality where the distribution of events is expected to follow a normal curve. On this curve, the standard deviation and variance considers values to the left of the mean where it is observed that the higher the SD or variance, the greater the risk of loss to the firm. Journal of Financial Risk Management
The value-at-risk (VaR) and expected shortfall (Es) are also premised on the issue of loss. VaR defines a quantile i.e. in percentage, the maximum level of acceptable risk. This level is represented mathematically as (1 − α) * 100% percentile. Usually, the α quantile is given as 5% which is the maximum the firm is expected to tolerate in its business activities. This simply means that the firm must have at least 95% confidence that a particular transaction will yield gain/profit. Otherwise, it is not worth it. However, it is discovered that VaR does not offer any explanation beyond the 5% quantile which is mostly violated in actual practice. Realistically, firms often suffer losses that go beyond the 5% upward, incurring more losses than expected. This situation gave rise to the expected shortfall (Es) or the conditional VaR which provides analysis on the density and frequency of losses beyond the acceptable region.
Artzner, Delbaen, Eber and Heath (1999) gave four axioms that define a coherent measure of risk. This represents characteristics that all risk measures should possess in order to qualify as a coherent risk measure. They are given as 1) monotonicity 2) translation invariance 3) positive homogeneity 4) sub-additivity. By the definition of the first three characteristics, VaR being a quantile is qualified. However, VaR violates the last axiom which is sub-additivity. Hence, VaR cannot be accepted as a coherent risk measure. In case we still go ahead to specify a VaR equation for optimization, we may achieve a result that is not representative of the entire component of the portfolio assets and weights.
As for Expected shortfall (Es), Acerbi & Tasche (2002) established that when the equation function used is a continuous density type, it may make Es to be qualified as a coherent risk measure. However a continuous density function is not common in optimization where portfolio can carry different weights and mix over time. Moreover, in the recent theoretical research in risk management, measures based on quantiles have been found to be good functions to measure the risk in a portfolio. Interestingly, the value-at-risk (VaR) still remains a reference for many financial applications, even though it is not a coherent measure in terms of the four axioms specified by Artzner et al. (1999) . The attraction in VaR approach may be as a result of the fact that it is easy to interpret; monetary values can be used and financial institutions can carry out an estimation of the necessary volume of own funds to cover risk of market in business activities.
The most striking characteristic of the post-modern portfolio theory is its recognition of the positive and negative deviations from the mean (Rom & Ferguson 1993; Cumova & Nawrocki, 2003) . Hence, contrary to modern portfolio theory where the positive and negative differences are summed up, the positive and negative differences are summed up differently. This results in the positive and negative deviations have led to the upside potential and downside risk arguments. Another important characteristic of the post modern portfolio theory is the identification of a target return (Sortino, 1996 (Sortino, , 2006 ) which can be greater or lesser than the mean return depending on the investment strategy of the investor per time. One of the popular models in contemporary finance that have sprouted from the post-modern belief is the stochastic optimisation program-ming for ALM.
In the real sense, stochastic optimisation is a mathematical technique for optimizing processes where uncertainty prevails in the value of input and output variables. The opposite version of it is the deterministic optimization which is used when values of input variables and output variables are certain. Because financial variables exhibit a lot of variations and uncertainties, the stochastic programming method has been found more useful in finance. Some authors have attempted to build stochastic programming models with VaR and cVaR constraints. Usually, the VaR stochastic programming model will maximize return (Krokhmal, Uryasev, & Zrazhevsky, 2002) , while the cVaR stochastic programming model will minimize loss (Rockafellar & Uryasev, 2000) . The dynamic stochastic programming model (Yang, Gonzio, & Grothey, 2009; Drijver, Klein-Haneveld, & van der Vlerk, 2000; Grebeck & Rachev, 2005; Defourny, Ernst, & Wehenkel, 2008) incorporates both return maximization and loss minimization which provides better answers to the asset and liability issues of banks.
An important line of difference observed in VaR, cVaR, PMPT and stochastic programming optimization models comes in the stating of risk and return constraints. In VaR and cVaR optimization model, the return constraint is assumed to be constant while the risk constraint is allowed to be dynamic. Whereas the dynamic stochastic optimization model premised on the post-modern idea of simultaneous risk minimisation and return maximisation and the specification of a target return, allows both return and risk constraints to be dynamic.
Methodology
1) The Multi Stage dynamic stochastic programming framework Stochastic programming is characterized by the construction of event trees which specifies different scenarios for the occurrence of stated random variables. The event trees show the results achieved and decisions taken as information are revealed overtime. An optimal solution is determined at each stage of the event tree which will become an input in the next stage until the terminal period. The stochastic programming model formulated is usually done to fit the condition of the financial institution in question and the state of the economy at each stage.
2) Construction of Event Trees for the Model The time horizon specified for this study is twenty five years . Within this period, three important stages are identified. Stages are represented with t 0 , t 1 , t 2 respectively from the first to the third stage. The period of the stages are; 1992-2002, 2002-2010, 2010-2016 . These stages are traced from the emergence of microfinance banks in Nigeria as contained in the microfinance policy, regulatory and supervisory framework for Nigeria (CBN, 2011) .
Liability Generating Scenario
In any ALM model, it is important to project the future value of the liabilities. This can be achieved using discounting methods applicable to the type of liabilities considered in the model.
Scenario for Economic factors and Asset returns
There is a consensus in the stochastic programming for ALM literature that similar factors affect both assets and liabilities especially in the fixed income securities institutions. This position is based on the fact that ALM applications thrive on simulation systems that require the integration of asset prices with economic factors. This integration is crucial as the assets and liabilities are often affected by the same underlying economic factors. We agree with the position of (Zenios, 1995 ) that short term interest rate drives the returns on both assets and liabilities in fixed income ALM applications for money management. Therefore, a suitable variant of the short term interest rate; monetary policy rate (MPR) is selected for analysis in this study. Once the model for generating scenarios has been specified, the coefficients have to be calibrated in order to produce plausible values for the returns. Specifically, three methods for generating asset return scenario with more detail have been identified in literature. They are; 1) bootstrapping historical data, 2) statistical modelling with the Value-at-Risk approach, and 3) modeling economic factors and asset returns with vector autoregressive models. This study makes use of the third method which is modeling economic factors and asset returns with vector autoregressive models. Modeling economic factors and asset returns with vector autoregressive models has become more popular in the stochastic programming literature (Hoyland & Wallace, 2001; Kouwenberg & Zenois, 2001; Koskosides & Duarte, 1997) . It is less complex in terms of computation and the limitations on the time series model are not as serious as that of value-at-risk and historical bootstrapping.
From the foregoing, we specify a stochastic model that maximizes expected return for MFBs investment over the specified time horizon. The stochastic linear programming (SLP) used in this study has been applied successfully to a number of related problems. Few examples of such are applications in insurance (Cariño & Ziemba, 1998; Cariño et al., 1994) , pension fund industry (Drijver, 2005; Gondzio & Kouwenberg, 2001 ). Zenios (1999) Each of the equations above represents sub-objectives to be satisfied in order to achieve the overall objective of optimality in the risk-return trade-off in MFBs balance sheet. The objective function in Equation (1) node and stage plus the transaction fee gained from them. Equation (4) captures the inventories of total asset (earning and non-earning) at each node and stage. That is, the value of total assets in the previous node and stage plus the return on the total assets, plus value of assets raised from fresh liabilities in each node and stage, less value of assets disbursed as loan in each node and stage must be equal to the current value of total assets in each node and stage. Equation (5) defines the underfunding level j b at the end of the financial period, whereby, the summation of the value of total assets for each node and stage, available cash in each node and stage, and the amount of underfunding that may exist at each node and stage less the transaction cost, is expected to be greater than or at least equal to the coefficient of funding (ratio of assets to li-Journal of Financial Risk Management 
4) The vector autoregressive (VAR) model
In order to generate the scenario for estimating asset returns with economic factors, a VAR model is specified. Following the work of Boender (1997) From the return constraint in Equation (5), the following VAR is specified specifically for estimating the multi-stage dynamic returns In order to capture the multi stage characteristics of the model for the different transaction stages identified, (i.e. 0 2 t t − ), we introduce a dichotomy regime into the VAR model specified above. Hence the model is further specified as;
where; 
5) Empirical Model for Risk-Return Benchmark for Multi-stage
In order to derive σ which is the maximum level of risk to be used in the risk constraints, the single index, multi-period standard capital asset pricing model (CAPM) is employed in this study. According to the original model developed by Sharpe (1964) and Lintner (1965) , the model for estimating portfolio return and risk are given as follows;
where ; 
where, t rr is the 25-Year Treasury Yield adjusted to constant maturity and L D is the duration of MFBs liabilities. As applied in Hoevenaars et al. (2008) , the duration of MFBs liabilities is assumed to be 25 years. The model assumes that
MFBs liabilities are in a stationary state and it pays full indexation. A sufficient condition for this to be true is that there are no underfunding and that assets matches liability through time.
The liability derived return calculated from the above is taken as the benchmark return to be compared with the maximized return on asset estimated from the multi-stage stochastic model.
6) Data Collection
Data for microfinance banks' current and fixed assets, revenue, operating expenses, fixed deposits, long term and subsidized loans and other long term li-Journal of Financial Risk Management abilities, the monetary policy rates of the banking system, all share index of the capital market were all collected from the Central Bank of Nigeria statistical bulletin 2016. Quaterly data were collected to cover for the period of years specified for each of the three stages identified for MFBs investment period.
For the asset model, return on asset was calculated as operating income /total asset per period, cash was the cash in vault and other banks, underfunding was the difference of the current asset and current liabilities per period. Data on return on asset, market return, risk free rate (treasury bill rate) was used to generate a 25 year series for risk benchmark based on the CAPM model. A 25 year series was also generated for the liability derived index model. 
Results and Discussion
The return constraint from which the VAR model was derived;
And the associated risk constraint for the estimated return;
2) Vector auto-regression Result for Multi stage variables
The result (Table 1 & Table 2 ) shows the multi stage asset-liability management of MFBs, with coefficients for return on asset, available cash, underfunding (liabilities unsatisfied) and the economic factor at the different stages. All the variables interacted significantly with the return on asset at the different stages except MRR. MRR has a negative and insignificant interaction with return on For all the stages analyzed, none showed a significant effect on the interaction of the variables over the period of study. This may be explained by the fact that MFBs in Nigeria have not really improved on their investment strategy over time. Just the same way their investment strategy was at the beginning, so it is at the end of the investment horizon considered in this study. The implication is that economic and regulatory issues surrounding the existence of MFBs did not affect their asset mix and rebalancing at the different stages.
3) Estimation of Return from the Maximization model
Using the coefficients that have been generated in the VAR system, we go ahead to generate return values for each of the asset and liability management stage. The Imputing of the coefficients is done by the adjusted sampling method.
For each stage; t 0 − t 2 , the average value of the corresponding variables (Rxh, Cash, Unfund, LDI, Risk, Transaction cost), is taken and a new value is derived to represent the entire stage. It is this average value that the corresponding coefficients are assigned to. With the aid of the Markov solver for stochastic programming, the probability and transaction cost values for asset, cash and underfunding are generated in each scenarios of the multi-stage (see appendix). Hence the stochastic model is solved for each stage of the investment horizon. The result is presented below (Table 3) .
The optimal result above shows the calculated and benchmark estimates for both the risk and return of MFBs. Result confirms the position of the modern portfolio theory that investors are more sensitive to losses than to gains. Again, it is established in the post-modern portfolio theory that where the investor adopts a strategy of gain seeking and risk averse at the same time, the magnitude of risk averse is always higher than the magnitude of gain seeking (Cumova and Nawrocki 2003) . We see from the result that the difference between the calculated downside risk and the benchmark risk is by far higher downward, than the difference between the calculated return and benchmark return upward.
Just like the submissions of earlier studies on the investment strategies of MFBs; (Joachim, 2009; Ndibe et al., 2013) , our result shows that truly, MFBs are more downside risk averse than they are gain seeking. The calculated risk which is expected to be at least equal to or less than the benchmark risk is actually From the theoretical review, it is established that the issue of sustainability is tied to the level of return made by the financial institution. Return itself is tied to the issue of risk. In order to ascertain the financial sustainability of the MFBs, we consider the issue of optimality in their risk-return trade-off. Our result shows that MFBs are more sensitive to losses than to returns as established in theory.
The calculated returns fall far below the benchmark optimal returns. Whereas, the calculated risk was far lower than the benchmark risk. Going by the aforementioned, we can safely say that the risk-return trade-off of MFBs in Nigeria is not optimal. MFBs favour more of downside risk reduction than upside potential increase.
Discussion of Findings
We can deduce from our result that neither the MFBs managers, investors, customers nor the government are enjoying the operations of MFBs in Nigeria yet.
The goal of outreach is unmet when MFBs are not taking opportunities to reach out to more customers by offering their loans and insurance services to them (Fernado, 2007) . Investors are not getting enough return as they should get from their investment in MFBs. Government is not achieving its financial deepening goal which is at the "heart" of financial development. In the same vein, customers i.e. microentrepreneurs, microentreprises and households are not getting the necessary support for business development. Generally, the goal of economic development through microfinance is not met (Komolafe 2010). Donor agencies (local and foreign) are disappointed and as such, donor funds have seriously depleted (Dunford, 2000) . The evidence from Nigeria supports the notion that credit based microfinance has the characteristics of a "development fad" (Ellerman, 2007) . Their lending pattern is abnormally skewed towards easy-entry micro-businesses with little potential and household consumption. Even though these are highly publicized, they have very little developmental results. Whereas microfinance investment managers provide adequate risk management and portfolio diversification for high returns in some climes (Mangold, 2016) , the same is not so in Nigeria. Rather than lend to micro-businesses as expected, and directed by CBN, MFB operators were investing the money in real estate, petroleum business, schools, stock markets and to fund LPOs (Komolafe, 2010).
These investments however became trapped following the impact of the global financial crisis on the economy. In addition, following the global debate on responsible pricing in microfinance, loan pricing surveys reveals interest rate 
Conclusion
In achieving the objective of evaluating the overall value risk inherent in MFBs balance sheet, this study introduces the stochastic programming model. As simplistic and practical as the model has been presented in this work, some major limitations in its usage which may have influenced our result have been identified. The estimation of risk under each of the stages separated by the dichotomy variable was derived manually from the series generated for each stage. The
Markov stochastic programming solver employed only generated the associated transaction cost and probability values for the imputed variables at the different stages and scenarios. A more efficient solver like the Object Oriented Programming Solver (OOPS) would have required the stochastic programming language and based on this, would supply optimal solutions for return and risk at each stage. We were limited by inability to obtain the above named solver as it was not within our reach during the period of study. However, we rely on the authenticy provided by past research works that have used econometric time series models for calibrating optimal coefficients for multi-stage returns to be used in the stochastic model. 
